S elf-rated health is a robust indicator of general physical health status that predicts morbidity, mortality, subsequent disability, and health care utilization. [1] [2] [3] [4] [5] [6] It is also a stronger predictor of mortality than physician-assessed health. 7 In this study, we examine a long-standing speculation among researchers in the field that immigrant Asian Americans may respond differently when rating their health relative to their U.S.-born counterparts. In particular, immigrants are perceived to possibly underreport extreme categories on health rating scales.
The motivation for the study comes from 2 observations. First, recent findings suggest that Asian individuals tend to avoid extreme ratings. For example, Chinese and Japanese students were found more likely to select midpoints on general scales compared with U.S. and Canadian students. 8 Related to health scales, Japanese individuals tend to avoid extreme positive categories when reporting their emotions. 9, 10 Second, cultural environment is considered a major reason for these differences. Thus, tendency to select midpoints of Chinese and Japanese students was directly linked to the students' identification with collectivist cultures. 8 Collectivist societies tend to encourage self-criticism, understatement of personal virtues, and diffidence in individual behavior. Accordingly, individuals in these societies may be more likely to avoid extreme ratings, either positive or negative, in describing their behavior and emotions. On the other hand, the cultural environment of the United States rewards selfenhancement, 11 and individuals may be more likely to use the full range of options in rating their own behavior and emotions. Classic assimilation theory suggests that the process of acculturation, or taking on the cultural habits and practices of the mainstream society, progresses throughout the immigrant's own lifetime and subsequent generations. 12 Consonant with the assimilation theory, foreign-born Asian Americans are more likely to be strongly associated with Asian cultures than those who are born in the United States.
Accordingly, we hypothesized that foreign-born Asian Americans would endorse the extreme categories of the selfrated health scale less often than U.S.-born Asian Americans, even after adjustment for health and other demographic factors. Given that the 5-category health status scale is used in a wide range of surveys across many countries, it is critical to empirically test whether systematic group differences exist in reporting and to distinguish them from possible group differences in health.
Other research has examined general imbalances in using extreme categories in scales based on sets of items. [13] [14] [15] [16] For example, black respondents were found to be more likely to use extreme response categories in responding to Likert-type attitude and personality items than white respondents. 13 In that study, the authors considered some fundamental variables such as academic achievement or geographic area as potential confounders but did the analysis in a univariate (considering the effect of the covariates one by one) rather than multivariate (controlling for a distribution of all the covariates) fashion.
A large body of research situated within the framework of Item Response Theory focuses on studying whether particular groups of individuals tend to endorse items differently. 17 The context is usually a multi-item test or a scale that targets assessment of a certain trait. In this context, methods to detect differential item functioning are available for analyzing group differences in responding. 18 In this study, we face an analogous problem of detecting differences in responding but focus specifically on only 2 separate outcomes, self-rated physical and mental health.
A traditional way to address possible biases in a single outcome is to fit a regression model with the group indicator being the predictor of interest, controlling for other covariates via their inclusion in the model as additional predictors. Several studies reported their findings on differential group responses based on this approach. For example, one study found women rate their health more favorably than men, controlling for more objective health status, 19 whereas other studies found no gender differences. 20, 21 Similarly, when compared with younger individuals, those 75 years or older were found to be more positive in their health ratings despite reporting more health-related problems 19 ; and obese individuals were found to report lower self-ratings of physical health, when controlling for morbidity and functional limitation. 2 Although common in the social sciences, regression-type approaches for addressing group differences have several caveats. First, multiple regression analyses usually have to compromise between including either a large number of covariates to control for potentially important characteristics or a smaller number of covariates to satisfy modeling requirements, such as avoiding multicollinearity and overfitting. Often, the compromise is reached through using composite measures, for example, the number of illnesses as opposed to indicators for illnesses themselves. 19, 22 In predictive models, avoiding overfitting by keeping the number of covariates low is especially important for the model's predictive ability in new data.
Second, given the goal of estimating group differences, the researchers need to make sure that groups overlap in their background characteristics sufficiently to conduct meaningful comparisons without unwarranted extrapolations. For example, consider a regression model that is fitted with data on 85and 45-year old subjects to study the influence of age. If the inference on the group effect is made but ignores the fact that 85-year old subjects were predominately women and the 45-year olds were predominately men, that inference is flawed. Although one can check for an overlap in each single covariate separately, it is a nontrivial task to do in a highdimensional setting with many covariates. 23, 24 Note that standard regression diagnostics do not include checking for overlap in the multivariate distribution of covariates. Third, all model-based approaches assume a particular functional form for a relationship between the outcome variable and the covariates. Although modeling assumptions such as linearity or log-linearity may be less important when there is a sufficient overlap on the covariates, the conclusions can highly depend on a specific form of the model when there is a lack of overlap. 23, 25 Fourth, model-based approaches in observational studies often require repeated analyses that simultaneously involve outcomes, covariates, and group indicators. It may be difficult for researchers to be objective when findings from different analyses disagree.
On the other hand, for propensity score approaches, multitudes of covariates and overfitting in general are irrelevant concerns because the goal is to develop a sample-specific adjustment and not a predictive model. The propensity score itself provides a simple check for overlap in the multivariate distribution of baseline covariates. Finally, propensity score approaches allow one to treat observational studies in a manner analogous to randomized experiments: without including the outcome variables in the design phase. 26 In this work, using propensity score methodology, we first examined the extent of overlap in the multivariate distributions of background characteristics between U.S.-and foreign-born Asian Americans. Given the lack of overlap between the 2 groups in the original sample, we derived groups of U.S.-and foreign-born subjects that are comparable in background characteristics. We then assessed the differences between U.S.-and foreign-born Asian Americans in self-rating their physical and mental health.
METHODS

Data
The data in this study came from a nationally-representative, household survey of Latino and Asian Americans, the National Latino and Asian American Study (NLAAS). 27 Trained interviewers administered the NLAAS questionnaire in the participant's preferred language in a face-to-face interview unless the respondent specifically requested a telephone interview. A total of 2095 interviews were completed on respondents of Asian descent, who are the primary focus of the present paper. Detailed descriptions of the methods used in NLAAS can be found elsewhere. 28, 29 
Study Design
The likelihood of individuals endorsing extreme categories in a self-rated health scale naturally depends on their objective health. It also may depend on a number of demographic characteristics such as age, education, and income. 15 Thus, natural differences in group composition may result in systematic differences in responses.
The propensity score, a scalar summary of multivariate baseline characteristics, yields a simple check for overlap in the multivariate distribution of those characteristics. 26 Formally, the propensity score is defined as the conditional probability of being assigned to the treatment group, given background covariates. We defined the propensity score as the conditional probability of being born in the United States, given background characteristics. The background characteristics we chose to include were demographic indicators associated with self-rated physical and/or mental health, measures of objective health status, and variables that reflected interview conditions.
Measures
The 2 outcome variables were 5-category subjective measures of self-rated physical and self-rated mental health. Specifically, an NLAAS interviewer asked separately for physical and mental health, "How would you rate your overall (mental) health-excellent, very good, good, fair or poor?" and the respondent answered verbally.
Background covariates for the propensity score model included demographic and health characteristics and interview conditions (Table 1) . Demographic characteristics were the respondent's age; highest level of education achieved; gender; family size; household income; and marital status indicators at the time of the interview. All health covariates available in the survey were self-reported. For our analysis, we retained health indicators that we deemed to be more objective. These were body mass index (BMI); functional ability ("How many days in the past 30 were you limited at all in carrying out your normal daily activities because of problems with your physical health, mental health, or substance use?"); mobility limitation ("Was there ever a time in the past 30 days when health-related problems caused you difficulties with mobility?"); presence of a mental disorder (if the respondent was diagnosed in their lifetime with a mental disorder from a list of 14 mood, anxiety and substance disorders according to DSM-IV criteria); smoking status; and binary responses to questions regarding chronic conditions such as "Have you ever had chronic back pain or neck problems?" and "Did the doctor ever tell you that you had heart disease?" We excluded 3 health indicators that asked respondents for a difficulty rating in standing or moving to avoid a circular reasoning in the case of a possible general tendency of immigrant Asian Americans to underreport extreme categories. Because the presence of other individuals during the interview might have influenced reporting, we included an indicator of whether others were present during the interview. We were not able to include the variable that captured English or native language use during the interview because close to 100% of U.S.-born Asian Americans used English.
Missing household income data were imputed for 268 individuals (12.8% of the total) using hot deck imputation. After the imputation, only 2% of the individuals (10 U.S.born and 33 foreign-born) still had missing records on other covariates. Those individuals were excluded together with 2 additional individuals who did not report their nativity status, reducing the total to n ϭ 2050. Table 1 provides univariate comparisons of background characteristics, unadjusted for survey weights. Note that while these values reflect differences between foreign-and U.S.-born Asian Americans for the survey sample only, we found them to be representative of the differences in the overall population obtained from the analogous analysis adjusted for survey weights.
Propensity Score Model
The groups differed significantly on marital status: the foreign-born respondents were more likely to be married. On average, the foreign-born individuals were older, less educated, had lower BMI scores, and lower prevalence of asthma. U.S.-born Asian Americans were more likely to be limited in functional ability, to have mental disorders, allergies, headaches, and back and neck pain, whereas the foreignborn were more likely to have arthritis and tuberculosis.
Next, we compared the multivariate distributions of the background characteristics. We obtained propensity scores by fitting a logistic regression model to predict nativity status based on the 29 variables from Table 1 plus 19 additional variables. These additional variables included 2 quadratic terms (education 2 and BMI 2 ), an education-BMI interaction, an education-asthma interaction, and interactions between each of the selected demographic characteristics (income, age, female, married, and never married) and education, BMI, and asthma. We selected those interaction terms that we judged as potentially having different effects in the U.S.-and foreign-born groups of Asian Americans. From the logistic regression, we obtained propensity scores for each individual as the predicted probabilities of being U.S.-born based on individual background characteristics. Note that the 2 outcome variables, self-rated physical and mental health, were not included in the model for the propensity score.
To assess the overlap in the background characteristics, we followed guidelines by Rubin, 26 which suggest comparing the means and variances of the propensity scores, and the residual variability in the covariates. Specifically, for a regression adjustment to be trustworthy: (1) the difference between the means of the propensity scores in the 2 groups standardized by its standard deviation must be less than half;
(2) the ratio of the variances of the propensity score in the 2 groups must be close to 1, and (3) for each of the covariates, the ratio of the variances of the residuals after adjusting for the propensity score (obtained by regressing each of the original covariates on the propensity score) must be close to 1. 26 We found that a standard regression adjustment would not be appropriate for the original survey sample of U.S.-and foreign-born Asian Americans because conditions (1) and (2) were clearly violated ( Table 2) .
To derive groups of U.S.-and foreign-born that share similar demographic and health characteristics, we used propensity score matching. 30 We chose matching as opposed to stratification by propensity scores 31 to facilitate contingency table analyses for the multicategory outcome measures. In this case, stratification was a less desirable alternative to matching because it would drastically increase the number of Self-Rated Health small counts in the contingency tables and small counts pose inferential concerns in discrete data analysis. 32, 33 We attempted to match each U.S.-born Asian American to a foreign-born Asian American of the same ethnicity (Chinese, Filipino, Vietnamese or Other) with a similar propensity score. We used logit transformation of the propensity score throughout the matching process. For each U.S.-born subject, we identified foreign-born as potential matches if their propensity scores fell within the selected caliper of the U.S.-born subject's propensity. We set the caliper to be one quarter of the standard deviation of the propensity score on the logit scale. This process of selecting matches close to each other in propensity scores corresponds to randomization in designed experiments. To select from a pool of potential matches within the caliper, we calculated the Mahalanobis distance based on the logit of the propensity score and selected important covariates (age, education, family size, household income, and chronic conditions). Compared with the Euclidean metric, the Mahalanobis metric automatically accounts for differences in scales between variables (ie, is scale-invariant) and for correlations between variables. The use of metric matching in this step corresponds to blocking in designed randomized experiments. Analogously to blocking, the selection of covariates for the metric may include key substantive variables as well as variables which are still somewhat out of balance between the 2 groups. Overall, this matching procedure is known as the nearest available Mahalanobis metric matching within a caliper defined by the propensity score. 30 The matching algorithm used the following steps. Examining propensity scores, we found the quality of overlap in background characteristics to be very good for the caliper match (Table 2) ; the distributions of the propensity scores in the 2 groups had similar means and variances (conditions 1 and 2), and only 6% of the covariates violated condition (3) . Although the quality of overlap in the background characteristics also improved for the full matched sample ( Table 2) , it may not have improved enough to justify a full match. Our visual inspection of the distribution of propensity scores by nativity within each ethnic group revealed that for all groups but Vietnamese there were some U.S.-born individuals with propensity scores at the high end of the distribution for whom a close match to a foreign-born was not possible. Table 3 provides univariate comparisons of background covariates between the U.S.-born and the foreign-born in the caliper matched sample. Comparing background characteristics of the US-born group with those of the matched foreignborn, we observed that most of the bias was removed. The 2 groups had similar means for most of the covariates included in the model except possibly education (P ϭ 0.05) and other chronic pain (P ϭ 0.04). Univariate comparisons in the full matched sample (not shown) had 6 variables for which statistically significant differences still remained; however, just like for the caliper match, those differences did not appear to be clinically important.
RESULTS
Matched Pairs Analysis of Self-rated Physical and Mental Health
We examined 2 by 2 cross-classifications of extreme versus nonextreme responses on self-rated physical and mental health for the caliper matched sample (Tables 4 and 5) . Nonextreme categories included "fair," "good," and "very good." Extreme categories included "poor" and "excellent. (Table 4 ). For mental health, the analogous counts were 73 and 71, respectively ( Table 5 ). We found the distribution of entries in these 2 by 2 tables to be consistent with the log-linear model of complete symmetry 32, 33 ; the P values for the Pearson's 2 goodness of fit test were 0.84 and 0.87 for physical and mental health, respectively. Therefore, controlling for background covariates, we found no evidence that foreign-born Asian Americans are different in their likelihood of endorsing extreme categories from US-born Asian Americans when self-rating their physical and mental health.
To address the issue of power of this test, we investigated what is the smallest departure from symmetry that our test could detect at the 0.05 significance level, given observed numbers of discordant pairs (102 pairs for physical and 144 for mental health). For physical health, we found that offdiagonal entries of 46 and 56 produced the smallest detectable departure from symmetry (P ϭ 0.03); for mental health, the corresponding counts were 66 and 78 (P ϭ 0.01).
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Medical Care • Volume 45, Number 1, January 2007 Having obtained matched samples also allowed us to examine the overall distributions of self-rated physical and mental health via analysis of the cross-classifications of the matched pairs by the 5 initial categories from "poor" to "excellent" (Tables 4 and 5). Notice that the agreement in ratings between matched individuals was rather weak. In fact, a strong agreement was not to be expected for 2 main reasons. First, even if one assumed the existence of a perfect association between the health background covariates in our study and self-rated health, a number of other covariates were included in the model for propensity scores which might have turned out to be influential in the matching process. Second, because matching was done on the scalar obtained from the logistic regression model (ie, propensity score), there could have been multiple combinations of covariate values which resulted in similar propensity scores. Nonetheless, after controlling for background covariates, if there was a difference in how the 2 groups report their health, it should have been reflected in the tables through a significant deviation from symmetry.
We found that log-linear models of symmetry fit the entries in 5 by 5 contingency tables (Tables 4 and 5) very well; the exact p-values 34 for the Pearson's 2 goodness of fit test were 0.72 and 0.49. In other words, the observed sym- 
Sensitivity Analyses
We corrected for covariates that were still imbalanced after matching by fitting logistic regression models to predict extreme responses conditional on those covariates, the logit of the propensity score, and the nativity status. These regression adjustments did not alter our conclusion; there was no significant association between the nativity status and extreme responses. This conclusion was also robust with respect to moderate changes in our choices of the caliper and the set of interactions in the propensity score model. Results from examining cross-classifications of extreme versus nonextreme responses, disaggregated by ethnic group, confirmed the above conclusions obtained for all ethnic categories combined. Finally, results from the examination of self-rated physical and mental health cross-classifications for the full matched sample (n ϭ 444 matches) also showed no differential reporting by the nativity status.
DISCUSSION
This study examined self-reported ratings of physical and mental health by foreign-and U.S.-born Asian Americans from the NLAAS data. In particular, we were interested to see whether foreign-born Asian Americans have a tendency to use intermediate categories of the scale more often than the extremes, compared with U.S.-born individuals. Controlling for a number of demographic and health characteristics, we found no support for a differential use of any self-rated physical or mental heath category, including the extremes.
We based our analytic approach on a propensity score method. Compared with regression-type adjustments, this method has a number of advantages which include: intuitive appeal and persuasiveness to nontechnical audiences, objectivity of the analysis since similar groups can be formed before even looking at the outcome variables, 25, 35 more straightforward diagnostics as compared with those for regression analysis, 25 and lower standard errors of treatment effect as compared with those from regression models. 36 The propensity score methodology originated from comparing treatment and control groups in observational studies. 24, 30, 35, 36 There are only a few examples that use propensity score methodology to draw descriptive comparisons between natural groups such as gender. 24 We should emphasize that comparisons between social or demographic groups provide no basis for causal interpretations but only for descriptive comparisons.
Theoretically, under certain regularity conditions which include sufficient overlap in the distribution of covariates and a close adherence to the regression-specified functional form, results from multiple regression and propensity score analyses lead to the same conclusions. 24, 35, 26 In certain circumstances, such as when one desires to describe not only the group effect but also the effects of other covariates, regression-type approaches should be preferred over propensity score methods. 25 In our case, a typical regression approach was not appropriate because of the lack of overlap in the distributions of background covariates between the 2 groups.
The ultimate goal of our analysis was to examine potential differences in reporting self-rated physical and mental health between U.S.-and foreign-born Asian Americans, controlling for background characteristics. Propensity score matching allowed us to address this question by using loglinear models for cross-classifications of matched pairs. There are a number of log-linear models, including symmetry and quasi-symmetry, 32 which are applicable to matched pairs data analysis. In our case, symmetry models fit the data very well. *One individual that was included in the analysis of self-rated physical health had missing data on self-rated mental health, making the total n ϭ 334.
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Medical Care • Volume 45, Number 1, January 2007 Because our data come from a survey, we had to address the question of survey weights. Although survey weights' adjustments in a propensity score analysis by subclassification have been suggested elsewhere, 25 we argue that adjusting for weights in propensity score matching is not necessary because of the nature of the matching process, which directly depends only on the multivariate distribution of covariates.
In this study, we excluded approximately 2% of participants because of missing data on the covariates. A very small percentage of missing data in our case made the case-wise deletion to be the method of choice, even though methods to deal with missing data within a propensity score analysis framework exist. 31 Another limitation of our study is that we were not able to control for language variables because of a high confounding with nativity status.
In conclusion, we found no systematic differences in using categories of the self-rated health scales between foreign-and U.S.-born Asian Americans. Our results only pertain to verbal responses on the 5-category self-rated physical and mental health scales with the categories ranging from "excellent" to "poor," and not to other scales or other types of interviews. Moreover, our study is limited to detecting differences between nativity groups. We recognize that nativity may not fully capture the cultural differences in reporting styles among respondents. There may be other more meaningful measures to capture the cultural differences in reporting styles among Asian Americans such as native language ability. However, the propensity score methodology demonstrated in the manuscript can be broadly applicable for detecting differences in reporting styles between other social or demographic groups especially when there is a reason that their reporting styles may differ.
